Introduction 1
The gut microbiome is increasingly recognized as playing important roles in host health 2 and diseases, exerting influences well beyond the gut (Blacher et al., 2019 ; Wang and Jia, 3 2016). However, due to modulations by diet and medication, the gut microbiome is 4 commonly viewed as highly dynamic, whereas disease markers are expected to be stable.
5
Studies in mice (Org et al., 2015) and in human twins (Goodrich et al., 2016; Xie et al., 2016) 6 have observed substantial heritability for some bacteria. Several genome-wide association 7 analysis studies (Blekhman et al., 2015; Bonder et al., 2016; Rothschild et al., 2018; Turpin et 8 al., 2016; Wang et al., 2016) for the gut microbiota (M-GWAS) have found associations 9 between host single nucleotide polymorphisms (SNPs) and individual bacterial taxa, beta 1 0 diversity or pathways. Yet, doubts remain as to the significance of genetic associations. For 1 1 example, a recent study (Rothschild et al., 2018) including a heterogeneous population of 1 2 ~800 individuals reported that the average heritability of gut microbiome taxa is only 1.9%, 1 3 in contrast to Wang et al. which identified 42 SNPs that together explained 10% of the 1 4 variance of the β -diversity (Wang et al., 2016) . In addition, these studies all used genotyping 1 5 arrays data for host genome and they all used 16S rRNA gene amplicon sequencing except 1 6
for one study which had low-depth shotgun data for fecal samples. The lack of high-depth 1 7
whole genome sequencing (WGS) data means that the studies rely on imputation for SNPs 1 8
and could be missing potential associations from insertions/deletions (indels), copy number 1 9 variations (CNVs), especially for rare variants. In addition, previous GWAS studies for the 2 0 gut microbiome investigated populations of European ancestry, how host genetics shape the 2 1 gut microbiome in an Asian population remains unknown.
2
In this study, we identified genetic-microbial associations using for the first time high-2 3 depth sequencing data for both whole-genome and metagenome, in a high-depth discovery 2 4 cohort of 632 healthy Chinese individuals and a low-depth validation cohort of 663 2 5
individuals. Prevotella and Bifidobacterium are the most heritable taxa after the cellulose-2 6 degrading phylum Fibrobacteres in this Chinese cohort, in agreement with twins results from
We next investigated associations between genetic variation and microbiome β -diversity.
1 0 0
and none was significant after multiple-test correction. 8 of the 64 SNPs were not found or 1 0 1 rare in the Chinese population (MAF < 0.01). The allele frequencies of these 64 SNPs were 1 0 2 significantly different between Chinese and European populations (T-test P difference =1.55 × 10 -1 0 3 5 , Fig. S3 ). Besides, 380 SNPs have been previously reported to associate with specific taxa 1 0 4
and we were able to replicate 11 of these (P < 0.05/380 =1.3 × 10 -4 ; Fig. 1F ; Table S1H ), 1 0 5 especially in association with Bacteroides stercoris (Rothschild et al., 2018) . 92 of the 380 1 0 6 loci were not found or rare in Chinese population. In summary, huge population 1 0 7 heterogeneity exists, as is known from GWAS studies (Wojcik et al., 2019) , and it is 1 0 8 necessary to identify Asian-specific host genome-microbiome associations for better 1 0 9
understanding genome-microbiome interactions among different ethnicities. Table S2A ).
2 9
Taking advantage of the metagenomic shotgun data, we further evaluated heritability of the 1 3 0 functional capacity of the gut microbiome, according to the Kyoto Encyclopedia of Genes 1 3 1
and Genomes (KEGG) orthologues (KOs) and gut microbial modules (GMMs) profiles. We 1 3 2 identified 4919 common KOs and 98 common GMMs present in 50% or more of the samples. We used BWA to align the whole genome reads to GRCh38/hg38 and used GATK to 4 6 0 perform variants calling by applying the same pipelines for high-depth WGS data. After 4 6 1 finishing the GenotypeGVCFs process, we got 29906793 raw variants. A more stringent 4 6 2 process in the GATK VariantRecalibrator stage compared with high-depth WGS was then 4 6 3 used, as are recommended for low-coverage whole-genome data, to filter the uncertain 4 6 4 genotype calls and keep only high-quality variants. Specifically, we excluded SNPs with low 4 6 5 mapping quality (Q<20) and SNPs with low depth (DP<3). Further, we kept variants with 4 6 6 less than 30% missing information, leaving 779521 highly reliable variants. All these high-4 6 7 quality variants were then imputed using BEAGLE 6 (Browning et al., 2018) implemented in PLINK to run a GWAS for genetic variation and the enterotype phenotype 5 1 5 (ie. Bacteroides and Prevotella; dichotomous trait). We estimated the proportion of 5 1 6 enterotypes' variance explained by top two loci using the restricted maximum likelihood 5 1 7 (REML) method implemented in GCTA. The microbiome β -diversity (between-sample diversity) based on genus-level abundance 5 2 1 data were generated using the 'vegdist' function (Bray-Curtis dissimilarities). Then, we We tested the associations between host genetics and gut bacteria using linear or logistic 5 4 5 model based on the abundance of gut bacteria. The abundance of bacteria appeared in over 95% 5 4 6 of individuals was transformed by the natural logarithm and the outlier individual who was 5 4 7 located away from its mean by more than five standard deviations was removed, so the 5 4 8 abundance of bacteria could be treated as quantitative trait. Otherwise, we dichotomized 5 4 9 bacteria into presence/absence patterns to prevent zero inflation, then the abundance of 5 5 0 bacteria could be treated as dichotomous trait. Next, for the common variants with MAF > 5 5 1 5%, we performed a standard single variant (SNP/indel)-based GWAS analysis via PLINK 5 5 2 using a linear model for quantitative trait or a logistic model for dichotomous trait, a 5 5 3 threshold of P < 5 × 10 -8 was used for genome-wide significance. We used the same methods 5 5 4
for CNVs-based association analysis and set a significance threshold at P < 6.25 × 10 -6 5 5 5 accounting for 8,006 common CNVs (MAF > 1%). For rare variants-based association 5 5 6 analysis, we applied the Sequence Kernel Association Test(Wu et al., 2011) (SKAT) to the 5 5 7 rare variants (MAF ≤ 5%) for each gene. Gene regions were annotated using the 5 5 8
RefSeq(Pruitt et al., 2012) database with a total of 27,874 genes. We only included the genes 5 5 9
which had five or more rare variants (as recommended by the SKAT authors) for testing; 5 6 0 22,015 genes satisfied this requirement. Associations were considered significant with p < 5 6 1 2.14 × 10 -6 (equal to 0.05 /22,015). When testing all the association analysis, we adjusted for 5 6 2 gender, BMI, defecation frequency, stool form, self-reported diet, lifestyle factors and the 5 6 3 first four PCs.
6 4
The additive effect of the significant loci from this analysis was then determined using 5 6 5 redundancy analysis based on genus-level composition ('rda' in the 'vegan' package) and the 5 6 6
'ordiR2step' function in the 'vegan' package in R. To quantify the fraction of microbiome 5 6 7
variance that could be inferred from gene-based analysis (actually rare variants), we first 5 6 8
selected 200 top-ranking rare variants (not in linkage equilibrium) according to their 5 6 9 association with taxa, then performed a greedy stepwise algorithm, in which at each iteration 5 7 0
we added the most significant variant to the inferred variant sets added in previous iterations.
7 1
Before adding each variant, we performed 1000 permutation tests and verified that its 5 7 2 contribution was greater than in at least 50% of these permutations. If not, we stopped the 5 7 3
algorithm. In each permutation we assigned the top 200 rare variants of each individual to a 5 7 4 random individual, and then reran the entire analysis. Finally, 37 loci from common variants-5 7 5
based association analysis, 76 loci from rare variants-based association analysis and 22 loci 5 7 6
from CNVs-based association analysis were used to infer the variance, respectively, and then 5 7 7 in combination. 
8 7
Specifically, the background genes in the GENE2FUNC is there for the N which is supposed 5 8 8
to be all the genes we considered to select a set of interested genes n. And we have a tested 5 8 9 gene set with m genes. The number of overlapped genes between n and m is x. Therefore, the 5 9 0 null hypothesis is finding x genes given N, n and m is not more than expected. For example, 5 9 1 the GWAS catalog gene sets were defined by extracting genes for each trait from the GWAS 5 9 2 catalog. Using the GENE2FUNC procedure, we examined whether the mapped genes network consisting of all these proteins and all the interactions between them. We first 6 1 5 constructed the PPI network with the 47 significant genes as input, the network displayed on 6 1 6 the webpage was gathered into two main clusters and then exported as a high-resolution 6 1 7 bitmap. Meanwhile, we got the KEGG pathway enrichment results which were used to 6 1 8 characterize the biological importance of the clusters. with q values <0.05 are identified as significantly enriched in males or females.
2 8
We performed gender-specific GWAS analysis in male and female separately using the 6 2 9 same methods as described in the microbiome genome-wide association analysis. Male-6 3 0 specific variants were identified as (i) significantly associated with taxa in male (P male < 5 × 6 3 1 10 -8 ) and not significant in female (P female > 0.05), and (ii) had nominal significant gender 6 3 2 difference (testing P value for difference in gender-specific effect size estimated by beta 6 3 3 value, P difference < 0.01). Female-specific variants were identified as (i) significantly associated 6 3 4 with taxa in female (P female < 5 × 10 -8 ) and not significant in male (P male > 0.05), and (ii) had 6 3 5 nominal significant gender-difference (P difference < 0.01, as explained below).
3 6
For each variant (SNP/indel/CNV) and for the phenotype (relative abundance of taxa), we 6 3 7
computed P values (P difference ) testing for difference between the male-specific and female- (TCGA) and Genotype-Tissue Expression (GTEx) data. We performed the differential 6 4 8 expression analysis for genes NXN and PARVB across colon adenocarcinoma (COAD) and 6 4 9 rectum adenocarcinoma (READ) types compared with paired normal samples, respectively.
5 0
We choose log2(TPM + 1) transformed expression data for plotting. We used ANOVA 6 5 1 method for differential analysis. Genes with higher |log 2 FC| >0.2 and p values <0.05 are 6 5 2 considered differentially expressed genes. The data in this study have been deposited to the CNGB Nucleotide Sequence Archive 6 5 7 (CNSA: https://db.cngb.org/cnsa; accession number CNP0000289). 
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